W e find evidence that customers evaluate services according to different rules depending on whether the overall service experience impression is negative or positive. The functional form by which the underlying service attributes are mapped into an overall satisfaction evaluation is compensatory in the former (negative) case and has conjunctive properties in the latter (positive) case. These findings are based on an examination of a large data set of outpatient healthcare customer satisfaction surveys. We conjecture that different cognitive processes are at work for positive versus negative service encounters.
Introduction
A key to success for service organizations is sustainable relationships with customers. The quality of these relationships is often monitored with satisfaction surveys. Customer satisfaction, as measured by these surveys, has many ramifications for service organizations.
At the consumer level, customer satisfaction has been shown to help secure customer loyalty Sullivan 1993, Szymanski and Henard 2001) in various measurable dimensions, including positive behavioral intentions (e.g., Kamakura 2001, Mittal et al. 1999) , repeat purchases (Szymanski and Henard 2001) , customer retention (Bolton 1998) , high share of wallet , and positive word of mouth (de Matos and Rossi 2008 , Swan and Oliver 1989 , Zeithaml et al. 1996 .
At the firm level, customer satisfaction helps yield profitability (Anderson et al. 1994 , Bernhardt et al. 2000 , long-term financial performance (Mittal et al. 2005) , and shareholder value through impact on future cash flows (Anderson et al. 2004 ) that exhibit increased growth and reduced variability (Gruca and Rego 2005) . Given the importance of customer satisfaction at the consumer and firm levels, it is not surprising that service management researchers have explored how to measure it, as well as its antecedents and consequences.
The purpose of the current paper is to examine how people's perceptions of individual service features map into overall satisfaction assessments. In particular, we argue that a customer's general impression of a service experience, whether positive or negative, leads to different mappings from individual service features to overall customer satisfaction. Understanding this phenomenon, in context, is critical for management to correctly interpret the meaning of customer satisfaction survey results. Often, assessments of such results are a key input to important decisions involving commitment of resources to deliver service features.
Standard measures of customer satisfaction with a service consist of summary ratings of overall response, such as "overall satisfaction" or "overall quality of service" (e.g., from 1 to 5, where 1 represents an assessment of "poor," 3 represents "fair," and 5 represents "excellent"). In addition, ratings of relevant individual services features (on similar five-or seven-point scales) are also typically collected. The data set we analyze in this paper contains both types of measures. In addition, our data set includes answers to the question, "Would you recommend [this physician] to a friend?" with the physician's name being inserted for "[this physician]." We use this as an indicator of the patient's general impression of the service experience.
We estimate differing rules by which a service's individual features are combined to form a consumer's overall satisfaction perception. In particular, we identify two functional forms that map individual service feature assessments into overall satisfaction (or utility): one is compensatory and the other has conjunctive properties. As pointed out by Elrod et al. (2004) , mathematical tractability in economic analysis is ensured by making simplifying assumptions related to the formation of the service utility. Often, the utilities of objects are modeled as being compensatory, where the valuation of every attribute affects the total utility of the object. However, compensatory utility forms may not be applicable for all situations.
Much research to date (that we discuss in the next section) has modeled a single rule (or functional form) that links overall customer satisfaction with the evaluations of individual service attributes. Instead, we demonstrate that two different evaluation rules may be triggered by the general impression of the service experience. If this can in fact be shown, then there are important and perhaps unexpected managerial implications for the strategic and tactical use of a firm's service evaluations.
In our statistical modeling, we estimate a two-equation recursive system. The first equation relates the indicator of a customer's general impression of the service experience with that customer's ratings of individual service features. The second equation relates the customer's assessment of overall quality of care with that customer's general impression of the service experience (the dependent variable in the first equation) and his or her ratings of individual service features (the same explanatory variables as in the first equation). To ascertain that there is no endogeneity problem that would bias our estimates, we conduct a conditional moment test that rules out correlation of the error terms in the two equations.
The rest of this paper is divided into six sections. Section 2 reviews relevant literature, §3 describes the hypotheses, §4 presents the data and analysis, and §5 discusses the potential mechanism underlying the divergence in evaluative rules for positive versus negative service encounters. Section 6 concludes and discusses the implications of this work.
Literature Review
The service management literature is extensive (for reviews, see Messinger et al. 2009, Rust and Chung 2006) , and the topic has come to be recognized as one characterized by special management issues-what some authors have called "service-dominant logic," seen as distinct from the traditional "goods-dominant logic" (Vargo and Lusch 2004) . Stemming from the work of Oliver (1980) , one important development has been that of service quality scales, beginning with the prominent SERVQUAL scale (Parasuraman et al. 1988) , followed by several similar scales (e.g., Cronin and Taylor 1992 , Lytle et al. 1998 , Parasuraman et al. 1991 . Such scales have been applied in various areas, including physicians' services (Brown and Swartz 1989) , information systems (Pitt et al. 1995) , physical distribution (Bienstock et al. 1997) , the banking industry (Bahia and Nantel 2000) , and e-service (Parasuraman et al. 2005) . To understand the determinants of overall service quality, a related stream of research has emerged linking overall customer satisfaction with measures of individual service attributes. We divide this research into three categories-linear models, nonlinear models, and models of customer heterogeneity-that use different functional forms for different customers. Our analysis goes a step beyond these approaches by describing how dual rules are applicable to a given customer's assessment depending on the circumstances (a positive versus a negative service encounter).
Linear Models
Examples of linear attribute formulations focusing on service performance dimensions are found in the work of Grönroos (1984) and Rust and Oliver (1994) , and they can be expressed as
where CS si is the customer satisfaction with service s for customer i, P sai is the perceived performance with service s on dimension a for consumer i, and f a is some functional form. This form is inherently linear, since the terms f a (P sai ) are additive. Other examples are found across application areas such as software (Kekre et al. 1995) , banking (Levesque and McDougall 1996) , and online shopping (Szymanski and Hise 2000) . A second form of linear formulation, which originated in the expectancy disconfirmation model for consumer satisfaction (Oliver 1980 (Cardozo 1965) . For services, a focus on the multivariate gap between the actual performance dimensions and the expected levels of performance on these dimensions was incorporated into a similar gap model (Parasuraman et al. 1985) that was operationalized as SERVQUAL (Parasuraman et al. 1988 ) and into subsequent work building on that formulation (e.g., Dabholkar et al. 2000) . However, Cronin and Taylor (1992) found no evidence that an index that accounts for expectations provides a more valid measure; this conclusion was confirmed in a meta-analysis of 17 cross-sectional studies (Carrillat et al. 2007) . Consistent with this evidence, the current paper builds on the simpler form that does not include expectations of performance.
Nonlinear Models
Many authors have suggested that nonlinear models may better describe customer satisfaction. Early work on nonlinear functional forms goes back to Einhorn (1970) (also see Einhorn 1971) , who considered both parabolic and hyperbolic models used to detect nonlinear, noncompensatory judgment strategies. Other authors have investigated various discontinuous integrative hierarchical processes, such as differentiating between factors that contribute to individual satisfaction versus dissatisfaction (Herzberg et al. 1959) , important factors versus nonimportant factors, basic versus higher needs, and various hybrid approaches (Kano et al. 1984, Swan and Combs 1976 ; for research overviews, see Yi 1990 and Chapter 5 of Oliver 2010 ).
An important class of discontinuous integrative decision rules includes conjunctive, disjunctive, and lexicographic rules (Coombs 1964 , Coombs and Kao 1955 , Dawes 1964 ; for overviews, see Einhorn 1970 , Elrod et al. 2004 . In general, a conjunctive rule requires an alternative to exceed acceptable thresholds on all relevant attributes for it to be chosen. A disjunctive rule requires an alternative to exceed a desired threshold on any attribute for it to be chosen. A lexicographic rule evaluates a set of alternatives by performance on attributes in order of the importance of the attributes. In contrast with the discontinuous rules mentioned above, a linear compensatory utility function is one where utility is a linear function of the service attributes (with constant coefficients on the attributes). Generally speaking, the indifference curves for such utility functions are downward sloping (if one is considering the trade-off among service attributes for which higher levels of the attributes are more attractive). By contrast, a fully conjunctive utility function is one where the overall utility of an alternative is equal to the smallest attribute level of all the service attributes of the alternative, and the resulting maps of the indifference curves are L-shaped. In this paper, we focus on evaluative rules with compensatory versus conjunctive features.
Heterogeneity Across Consumers in a Functional Form
Prior work has modeled consumer heterogeneity in the application of these rules. In the choice modeling literature, Gilbride and Allenby (2004) applied hierarchical Bayesian methods to empirically examine heterogeneity across consumers in their choice-set formation processes, allowing for conjunctive, disjunctive, and compensatory screening rules. Specifically for services marketing, Büschken et al. (2011) proposed that some consumers use compensatory rules when engaging in service evaluation, whereas other consumers use conjunctive rules. They call the first type of consumers "formators" and the second type "halos." Formators first evaluate a service provider's performance on the attributes of a service and then integrate these individual attribute evaluations in a compensatory fashion into a global evaluation, consistent with a formulation as shown in Equation (1). By contrast, halos first form a global evaluation of their satisfaction based on a limited number of attributes and then use this global evaluation as an anchor when generating (biased) answers to survey questions about particular individual attributes. For recent development of a related model that endogenously determines dimensionality of customer service drivers, see Büschken et al. (2013) . In the context of halo effects, it has been observed that reverse causality may make the apparent relationships between the customers' attribute perceptions and their overall satisfaction misleading to evaluators (Cooper 1981 , Wirtz 2003 .
Other work has considered different functional forms for different demographic groups or different circumstances. In the medical field, for example, Otani and Harris (2004) compared the applicability of conjunctive judgment rules versus other forms (disjunctive or compensatory) for four demographic groups (white males, white females, black males, and black females). Alternatively, as circumstances vary, Ganzach (1995, p. 497) noted that different nonlinear judgment rules may apply: " [I] t is important to note that this basic tendency [for performance evaluations to be conjunctive] may be mitigated by a number of factors, such as whether the evaluated object is human or nonhuman (e.g., professor or course) and whether the general evaluation of the object is positive or negative (e.g., good or bad professor; see Ganzach 1993 for other examples)." We will explicitly build on this last approach. 
Hypotheses Construction
As with this last approach discussed above, we also argue that two types of evaluative rules apply. In particular, we suggest that the different evaluative rules apply for positive and negative service encounters. To develop this idea further, we define a customer's evaluative mode as a frame of reference (or perceptual perspective evoked by situational factors) that shapes how a customer perceives individual service features and how these perceptions combine to form an overall satisfaction assessment. We utilize the following notation to describe the customer's evaluative mode when answering a satisfaction survey:
Type P will refer to a positive evaluative mode arising from a positive service encounter. Type N will refer to a negative evaluative mode arising from a negative service encounter.
Conjunctive vs. Compensatory Judgment Rules
We argue that if the customer has a positive evaluative mode, then there may be no need to seriously consider each of the attributes of the service when evaluating it, and thus low mental effort is required. This conceptualization is consistent with the Payne et al. (1993) discussion of choice based on utilization of a subset of the available alternatives. Decision making based on simple heuristics uses only a few attributes (often in a noncompensatory fashion) and involves less mental effort than full-information processing. Similar arguments are offered by Elrod et al. (2004) , who suggested that low mental effort often invokes a noncompensatory decision-making process and that high mental effort invokes a compensatory decision-making process. Whether decision making is noncompensatory, compensatory, or something in between is governed by the shape of the applicable utility functions and associated indifference curves. Elrod et al. distinguished between three cases: 1. A "crisp" conjunctive utility function would be described by indifference curves of a discontinuous function that are L-shaped.
2. A "less than crisp," pervasive, two-dimensional conjunctive utility function would be described by indifference curves that are convex to the origin.
3. A linear compensatory assessment rule would form straight linear indifference curves of overall satisfaction. We focus on the distinction between a linear compensatory functional form for utility (case 3) and some form of conjunctive utility (including cases 1 and 2).
In this context, our main contention is that a customer in a negative evaluative mode is unhappy with the service provider and more willing to expend mental effort to assess the trade-offs between the current service provider's strong and weak points-possibly as a first step toward finding a remedy for the situation. As noted above, a linear compensatory utility formulation involves explicit (and effortful) recognition of the trade-offs between various service features (and the linear form, in particular, is tractable). By contrast, a customer in a positive evaluative mode is happy with the current service provider, less in need of finding a new provider, and not particularly desirous of engaging in the mentally effortful process of understanding "what went wrong." One formulation consistent with this perspective of less discerning service-feature trade-offs, and less effortful evaluation, is a conjunctive assessment rule. This discussion motivates our first hypothesis.
Hypothesis 1A (H1A). When in a type P evaluative mode, service consumers use a conjunctive judgment rule to form an overall satisfaction score.
Hypothesis 1B (H1B). When in a type N evaluative mode, service consumers use a linear compensatory judgment rule to form an overall satisfaction score.
These hypotheses are premised on a view of consumers who rationally allocate greater cognitive effort (in assessing service satisfaction) to domains that can lead to greater benefits. Evidence of H1A would be established by utility contour maps that are L-shaped or convex to the origin. Evidence of H1B would be established by linear utility contour maps.
Halo Effects
Ganzach (1993, 1994, 1995) examined data that include objective attribute-specific measures and argued that the weights on each of the attributes are influenced by the halo effect in such a way as to be consistent with the overall satisfaction measure. This idea is consistent with the possibility that the functional form for utility may also change for an individual with a halo effect. Wirtz and Bateson (1995, p. 99) , in a study of customer satisfaction with an online banking system, found that "halo effects can contaminate attribute-specific satisfaction measures" and that "attribute performance levels of a service can be obscured by halo effects." Büschken et al. (2011 Büschken et al. ( , 2013 Various forms of evidence can support the existence of a halo effect. First, some support would be indicated if the mean individual attribute scores are consistently inflated for type P processes when compared with type N processes. Second, if H1 is true, and there is a halo effect, then one would expect both a relative shift downward in the utility function for a type N evaluative mode and a more linearly compensatory shape of the utility function.
Operationalizing Type P and Type N Evaluative Modes
As we mentioned in §1, our data set includes the following question: "Would you recommend [this physician] to a friend?" The use of this type of question as a predictor of customer repurchase intention or future firm performance has been debated in the marketing literature. Managers have been told that the aggregated response to this question in the form of a Net Promoter Score is the most important number they need to know to grow their businesses (Reichheld 2003) . The academic literature has discredited this simplistic claim (e.g., Keiningham et al. 2007 , Morgan and Rego 2006 , Sharp 2008 ; however, at an individual respondent level, a positive response to this recommendation question does seem indicative of a positive experience with the service encounter. The satisfaction survey that generated the data used for the current paper included a dichotomous version of this recommendation question.
We operationalize a type P evaluative mode as present when a patient answers this question in the affirmative and a type N evaluative mode when a patient answers this question in the negative (not willing to recommend his or her physician to a friend). We acknowledge that this question is a proxy for the evaluative mode, which, more ideally, would have been measured during the service encounter, with further process measures regarding the customer's state of mind when answering the survey. Nevertheless, we emphasize that we do not rely on this variable as a predictor of repurchase intention or future firm performance, which is the interpretation of this measure that had been under contention in the literature. It is worth noting that the small proportion of respondents who would not recommend contains a disproportionately high share of the respondents who had a negative reaction to their service encounter. Because this willingness to recommend variable is only a binary proxy, it will misclassify some respondents. As a result, regression or similar models using this proxy as an independent variable will give parameters for the proxy and its interactions that are attenuated (i.e., biased toward zero) compared with those that would have been obtained for an error-free measure (Aigner 1973) . Thus, tests using this willingness to recommend as an imperfect proxy for the evaluative mode are conservative. Furthermore, the worse the degree of misclassification, the more conservative these tests become. It is also important to note that this willingness to recommend variable is endogenous to the process of answering the satisfaction survey and should be accounted for as such in our modeling.
Description of Data and Analysis
The above hypotheses are examined by analyzing satisfaction data for primary care physicians. The data were collected from outpatients who received treatment during an eight-year period, covering 222 doctors representing 5 medical practices distributed over 12 different clinics in California. The data set contains 41,085 usable and complete responses. Of the 29 original questions, 15 were used in this paper. The questionnaire included measures of patients' assessment of service attributes on a scale from 1 to 5, where 1 represents "poor," 3 represents "fair," and 5 represents "excellent." Other questionnaire items included, "Would you recommend [this physician] to a friend?" (coded as RF = 1 as a proxy for type P and RF = 0 as a proxy for type N as an indicator of a positive or negative evaluative mode); "Overall quality of care," used to measure overall customer satisfaction (CS); and "Health worse now than a year ago," used to measure the health condition (HC).
Overview of Data
As a background, Table 1 reports the mean score for each variable while controlling for RF. We observe that the averages for customer satisfaction are significantly higher (4.53) when patients report that they would recommend the physician to a friend but are lower (3.45) when they would not recommend the physician to a friend. The table also demonstrates that patients who would provide positive recommendations also report significantly higher scores on all service attributes measured than the patients who would not recommend. This effect can be described as a halo effect, and it is correlational, not causal. Notes. The sample size when RF = 0 is 1,606 for all variables (except HC, which is 1,549); when RF = 1, the sample size is 39,479 (except HC, which is 38,550). a Note that HC is coded based on responses to the following question: "Compared to one year ago, how would you rate your health in general now?" (1: much better than one year ago; 2: somewhat better than one year ago, 3: about the same as one year ago, 4: somewhat worse than one year ago, 5: much worse than one year ago).
Note that the mean difference for HC in Table 1 ("Health worse now than a year ago") between the two referral groups is greater than zero, with a t-statistic of 2.77. In particular, the average health condition score is slightly better for patients who recommend (3.03) versus those who do not (3.11).
Constructing Two Principal Components
In pursuing the objective of investigating nonlinearity in the satisfaction data, it will be useful to be parsimonious with the number of parameters and variables in our formulations. In particular, note that the 12 service attributes reported in Table 1 can be accounted for by using principal components associated with the entire sample (see Table 2 ).
Principal component analysis (PCA) is suitable as a dimensionality reduction technique in cases such as this, where many service attributes are correlated with others along a particular axis (see Suhr 2005 for support that PCA applies in cases such as ours). This is distinct from typical applications of factor analysis, where there might be many variables that are not so clearly correlated with each other along particular axes but can be explained theoretically by a limited number of latent factors, with a range of different loadings on these latent factors. This latter scenario does not appear to apply in our data set.
The data set exhibits strong loadings on the first two orthogonal components: the first is related to the provider (i.e., physician) and the second to other experiences in the outpatient office. Accordingly, we refer to the first Downloaded from informs.org by [169.236.1.253] on 10 July 2014, at 14:06 . For personal use only, all rights reserved. component as physician quality (C1) and the second component as office quality (C2). These two components were selected using the Kaiser criterion, where only components with eigenvalues greater than 1 are selected. Two additional principal component analyses were examined, one for the portion of the data set containing positive recommendations (RF = 1) and another for the portion containing negative recommendations (RF = 0). Approximately the same loadings for both parts as for the whole sample (shown in Table 2 ) were found. Values are not reported because they essentially replicate those in Table 2 . If the first four items loading heavily on the office quality component and the last eight items loading heavily on the physician quality component were treated as scales measuring two constructs, the Cronbach's for both components in the entire data set would exceed 0.80, the widely accepted threshold for a desirable level of scale reliability. This is shown in Table 3 . The same is also true for those respondents making a positive recommendation (RF = 1) and a negative recommendation (RF = 0).
For parsimony, we focus on models that relate overall customer satisfaction to the two principal components above. Accordingly, two component scores were created using the loadings from Table 2 as weights with the associated variables A-L (in Table 1 ). To maintain interpretability of the component scores as ranging from 1 to 5, we normalized the weights for a given principal component by dividing each loading by the sum of the loadings for that component.
2 These two underlying service components, C1 and C2, descriptive of the care that patients perceive, will be used in our analysis.
2 To be concrete, we accordingly calculated the two components as follows: 
Estimating Dual Rules: Methodology
We examine the relationship between underlying service components, C1 ijt and C2 ijt , and overall customer satisfaction, CS ijt , for doctor i, patient j, and time t. Our goal is to understand whether different rules apply when customers are in a type P or type N evaluative mode as proxied by the patient's willingness to recommend the physician, RF ijt ("Would you recommend [this physician] to a friend?"). (One limitation of these data is that the patients' responses are anonymous and not identified by patient across time, so that we cannot use some panel methods or even patient-specific intercepts; this is a property of a number of satisfaction surveys, as with, for example, academic instructor evaluations.)
A challenge for our estimation is that our proxy for evaluative mode RF ijt is endogenous to the survey response process, and may itself be influenced by the underlying service components C1 ijt and C2 ijt . To recognize this endogeneity (and avoid introducing bias into our estimation), we explicitly model both RF ijt and CS ijt within the following system:
Here, y * 1 ijt and y * 2 ijt are latent dependent variables determined by their respective predictive equations, and the associated observed (limited) dependent variables are RF ijt and CS ijt . In this system, the errors are assumed identically, independently normally distributed:
Note that the threshold parameters, l k , k = 1 4, are also to be estimated, and there is no intercept 0 in Equation (2) because it is subsumed in these threshold parameters (for completeness, we set l 0 ≡ − and l 5 ≡ ). Given these assumptions, (2) describes a probit model and (3) describes an ordered probit model.
We observe that the two-equation system (2) and (3) constitutes a recursive probit system. This system is recursive, by definition, because RF ijt , the dependent variable in (2), enters (3) as an independent variable, but CS ijt , the dependent variable in (3), does not enter (2) as an independent variable. It is well established that linear recursive systems (with continuous dependent variables) can be consistently estimated with ordinary least squares, applied equation by equation, provided that = 0 (Fisher 1966 , Wold 1960 ; for a simple explanation, see Steward and Wallis 1981, pp. 266-299) . Such an approach would have been applicable for estimation if the (continuous) dependent variables y * 1 ijt and y * 2 ijt were directly observed. When such continuous dependent variables are latent (as in Equations (2) and (3)), it has come to be realized that a recursive probit model can also now be estimated, equation by equation. This fact was first observed by Heckman (1978) , formally proven for a simple linear case by Wilde (2000) , and further demonstrated by Monfardini and Radice (2008) for the case similar to our model, where there is an interaction between the endogenous dummy from the first equation and exogenous regressors in the second equation.
These latter authors, however, provide a critical qualification to this approach of estimating the two probit models separately. After estimation, a test must be run to ensure that the errors in the two equations are not correlated (i.e., in our case, that = 0); otherwise, endogeneity bias in estimation is induced through the error terms. Therefore, after estimating (2) and (3), we will test whether = 0 to check for the applicability of our estimation approach. 3 As a modeling strategy, we find it convenient to use probit rather than logit models (i.e., we assume normally distributed error terms in (4)) because this allows us to parameterize the covariance between the error terms in (2) and (3) simply as in (4)-which is a familiar formulation. This allows us to set up a relatively straightforward test of = 0. And establishing that (we cannot reject) = 0 is required for a recursive system to be estimable equation by equation without biased estimates for the coefficients. Being able to estimate the model equation by equation allows us to use available software for estimating probit and ordered probit models, rather than having to adapt software to estimate the two-equation system (2) and (3) jointly. Incidentally, we did estimate logit and ordered logit models for equations analogous to (2) and (3) (but with standard Type I extreme value distributions for the error terms). The relative coefficient estimates were very similar to the probit and ordered probit models that we discuss in this paper.
Estimates of the Two-Equation System
We experimented with linear predictors of y * 1 ijt and y * 2 ijt and other functional forms on a calibration sample before arriving at our final specifications. For brevity, we report the final model using Equations (2) and (3) estimated on the whole sample in Table 4 . The appendix provides a verification of the results for the whole sample and also shows the results for our calibration and holdout samples (which were determined by a random split of the whole sample into two parts of roughly equal size). The estimates for the calibration and holdout samples matched each other, as well as the entire sample, very closely, with nearly identical test statistics. Table A .1 in the appendix provides results for Equation (2), and Table A .2 in provides results for Equation (3).
In the context of our model, knowing whether the first equation is above the threshold indicates whether patients are in a type P or type N evaluative mode. The only significant driver of evaluative mode in the estimated Equation (2) is C1, which we described as a component descriptive of the physician quality (arrived at using principal component analysis; see Table 2 ). C2, a component descriptive of the office quality, is not statistically significant (at the 0.05 level). In the estimated Equation (3), we see that all the estimated coefficients that describe the difference between the two rules for service evaluation,ˆ 4 (coefficient of 1 − RF ,ˆ 5 (coefficient of (1 − RF × C1),ˆ 6 (coefficient of 1 − RF × C2), andˆ 7 (coefficient of 1 − RF × C1 × C2), are significantly different from 0. This indicates that there are indeed two significantly different rules for service evaluation. We will discuss this further after testing for exogeneity.
Testing for Exogeneity
The conditional moment test has been shown to be a test of = 0 with good performance characteristics in simulation studies, relative to several other possible tests (Monfardini and Radice 2008) . This test has the practical advantage that it can be carried out from separate probit and ordered probit estimates of (2) and (3). We accordingly estimated Equations (2) and (3) separately using available software. Then we carried out a conditional moment test as described below.
The conditional moment test statistic isˆ
which is asymptotically distributed as N 0 1 . This test is constructed from pseudo-residuals defined generally asû m ijt ≡Ê u m ijt estimated model parameters . Although past applications of this statistic of which we are Note. Equation (2) is estimated using the standard (dichotomous) probit model. Service Science 5(4), pp. 279-295, © 2013 INFORMS aware have been applied to contexts of two simple probit models in a system, we derive and write the pseudoresiduals for the more general probit case, which can include ordinal probit in one or both equations. We havê
Here, and are the probability density and cumulative distribution functions, respectively, for the N 0 1 distribution. Note that this formulation reduces to the simpler formulation (given in Monfardini and Radice 2008) applicable when both equations are dichotomous (not-ordered) probit relationships.
For our application of this test, for equation m = 1, the estimated thresholds reduce to l k , k = −1 0 1 wherê
And for equation m = 2, the estimated thresholds arel k , k = 0 5 (wherel 0 ≡ − andl 5 ≡ for completeness). Here, the estimated predictors aref 2 ijt ≡f 2 C1 C2 RF
Using the estimated Equations (2) and (3) shown in Table 4 , we calculate the conditional moment test to beˆ = −0 0724. This statistic is approximately N 0 1 (with a large sample size of 41,085 observations). This test is not significant at the 0.1 or 0.05 level (or even the 0.2 level). Therefore we do not reject the hypothesis of = 0, and there is no endogeneity bias introduced by the inclusion of RF ijt on the right-hand side of Equation (3).
Discussion of Our Results and Hypotheses
We now provide graphical representations and further interpretation of the results of Table 4 . Figure 1 depicts the contour map for the negative (RF = 0) and positive (RF = 1) recommendation groups from Table 4 . For respondents who would recommend their physician to a friend, the functional form is strongly conjunctive. However, for respondents who would not recommend, the functional form is a compensatory model that tends to be only somewhat conjunctive. Overall, Table 4 provides statistical evidence that different functional forms are at work, and Figure 1 provides visual evidence of the same. In particular, the type P (positive) evaluative model (when RF = 1) is characterized by a larger interaction term and a higher intercept than that of the type N (negative) evaluative model (when RF = 0).
Related to H1A and H1B, the larger interaction term in Table 4 is consistent with a conjunctive rule for combining two components such as C1 and C2. Conjunctive rules are often applied strictly to combining two dichotomous variables, whereby the two variables are joined by a logical "and" operator. The analog of this for two continuous variables would be a multiplicative interaction term. In our case, C1 and C2 (with the myriad ordinal combinations of the individual attributes) are approximately continuous. Thus, the interaction term for type P is evidence of a conjunctive utility function. This corresponds with indifference curves characterized by the convex shape toward the origin (as seen in Figure 1 ). This is strong support for H1A. The indifference curves in the left panel (type N ) are mostly linear and characterize a linear compensatory utility function. In terms of measured statistics, there is a very little interaction effect between C1 and C2 for type N (see Table 4 ). In addition, the significance is high for all variables. Therefore, based on the above statistical tests, support for H1B is also found. A higher intercept term is found to be applicable when patients recommend their physician to a friend (the intercept is 0 when RF = 1 and −3.4290 when RF = 0 in Table 4 ). This is consistent with a halo effect and accounts for the generally high overall satisfaction measures (CS = 3, 4, or 5) for all values of C1 and C2 in the right panel of Figure 1 . The lower intercept applicable when patients do not recommend accounts for generally lower overall satisfaction measures (CS = 2, 3, 4, or 5) for all values of C1 and C2 in the left panel of Figure 1 .
Overall, Table 4 supports H1A and H1B in that there are two functional forms for type P and N processes. In particular, Table 4 and Figure 1 are supportive of a "pervasive" conjunctive utility function (Elrod et al. 2004) for the type P process and a linear compensatory utility function for the type N process. As we discuss in §5, this leads to our conjecture that there may be two mental processes in play when an individual is asked to evaluate a service.
Additional Evidence of Dual Mental Processes
To further explore the implications of the evaluative modes (types P and N ), we construct a contingency table (see Table 5 ). In this table, we interpret the cases where patients score all attributes (and the overall satisfaction score) at the same level as indicative that few cognitive resources are employed. These patients appear to be responding in an automatic fashion by marking all attributes the same as their overall satisfaction score. If customers were diligent in using deliberative cognitive resources, it would be very unlikely for a subject to register all attributes to be the same-for example, as all 3's ("fair"), or all 2's or all 4's for that matter. The process of providing the same answer to every question is referred to as straight-lining. A survey respondent who gives all 5's (all "excellent" scores) might be more likely to use deliberative cognitive resources than another respondent who gives all 3's (all "fair" scores), because a score of all 5's might arise from true customer delight with all aspects of the service, together with truncation effects (Oliver et al. 1997) . If truncation effects were the only factors giving rise to all 5's, a similarly high relative percentage incidence of all 1's (all "poor" scores) would be expected. However, that is not the case, 4 suggesting that two different levels of mental engagement are discernible (when RF = 1 versus RF = 0). Table 5 addresses whether the relative proportion of cases of straight-lining varies systematically according to whether customers would or would not recommend their physician to a friend. Of the customers that would recommend, 24.1% straight-line for all attributes. By contrast, of the customers that would not recommend, 3.9% straight-line for all the attributes. This is a statistically significant difference between the two groups when just comparing the respondents in the bottom row as a single contingency table ( 2 = 394 75, p < 0 0001). This provides prima facie evidence that many customers in type P processes are responding in an automatic fashion.
Proposed Synthesis
Our analysis shows the applicability of two different decision rules depending on whether patients were in a type P or type N evaluative mode, which is proxied by the measure "Would you recommend [this physician] to In this section, we discuss how such results may reflect the presence of dual cognitive processes being operative, depending on the circumstances. We begin this section by reviewing past work on dual cognitive process models.
Multiple authors have suggested that consumer decision making is generally governed by two systems: system 1 is unconscious, rapid, automatic, and high capacity; and system 2 is conscious, slow, and deliberative (see Bond et al. 2009 , Evans 2008 . These two processes are distinct cognitive resources that can be called upon (separately or jointly) in different decision-making situations. These two cognitive resources have different performance characteristics, including the quality of the judgment and the cognitive load required to reach that judgment. Similar thinking is exemplified in Petty et al. (1983) , who introduced the idea of peripheral and central processing of ad messages. The cognitive resources of systems 1 and 2 are also relevant for understanding consumers' responses to service encounters.
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As a way of interpreting the empirical results of this paper, we speculate that system 1 could govern the "lens" by which consumers view and assess service encounters, thus applying the approaches of Bargh (1997) , Loewenstein (2001) , and Smith and DeCoster (2000) to the service science domain. This lens has two valences, depending on whether the consumer's evaluation of a service encounter is positive or negative, triggering an instinctual gestalt response. The positive gestalt response would initiate what is defined above as the type P service assessing process, and the negative gestalt response would initiate what is defined as the type N service assessing process. In this way, system 1 provides the automatic switching mechanism that determines the use of type P or type N processes.
We conjecture that systems 1 and 2 may form the basis of a dual process theory of service evaluation. In Figure 2 , we show that the evaluation process begins with the service attributes being experienced by the customer. A gestalt impression of the service experience is then formed with system 1 mental processes. If the impression is positive, typically no deliberative thinking is invoked, and few additional mental resources are consumed. Conjunctive (noncompensatory) functional forms result, governed by system 1 processing. If the impression of the service experience is negative, additional deliberative thinking is likely required, and system 2 mental processes are engaged. Compensatory functional forms result.
It is worth noting that there is a close correspondence between the evaluative processes represented in Figure 2 and the evaluative processes described in our two-equation system (Equations (2) and (3)). Equation (2) describes the relationship between the service components/attributes, C1 and C2, and the gestalt (evaluative) formation, as proxied by the recommend to a friend variable. Equation (3) describes the system 1 and system 2 evaluations, contingent on the gestalt evaluative formation (i.e., as moderated by the recommend to a friend variable). This moderator adjusts the functional form on the right-hand side of the overall satisfaction equation (Equation (3)). In our estimated model, the weights when RF = 0 (which we proxy as a negative, type N , evaluative mode) are consistent with a nearly linearly compensatory model (left panel of Figure 1) , and the weights when RF = 1 (which we proxy as a positive, type P , evaluative mode) are consistent with a more conjunctive functional form. Furthermore, our analysis of the contingency table (Table 5) indicates that customers make more use of the different levels of the five-point scales when they are in a type N evaluative mode, as proxied by the willingness to recommend variable, which is also more effortful.
We might even suggest that when in a type N evaluative mode, service users are in a more problem-solving mode precisely because they are in a negative evaluative mode about the service experience. Perhaps they might be close to contemplating how to improve their service experience by switching service providers. In the case where the initial gestalt assessment is clearly positive, we would suggest that service users never leave the automatic mode of cognitive processing. This is our synthesis from the conclusion of our study and our conjecture about the underlying cognitive processes that may be at work.
We look forward to future work that examines such a dual process theory of service evaluation. Such an approach can both explain the results of this paper and also form the basis for better understanding other aspects of human choices to remain loyal to service providers and for better interpreting customer satisfaction surveys.
Conclusions and Implications for Future Work
A set of 41,085 outpatient satisfaction surveys was examined to determine whether or not dual rules apply for service evaluation. We examined how the underlying service attributes are combined to form an overall service evaluation, depending on whether the customers are in a positive or negative evaluative mode. The presence of a positive or negative (type N or type P ) evaluative mode was proxied by the response to the question, "Would you recommend [this physician] to a friend?" We found that customers in a type N evaluative mode use a compensatory model by which individual attribute assessments are combined to form an overall satisfaction assessment, whereas respondents in a type P evaluative mode use a noncompensatory model. Also, there is a halo shift in the intercepts between type P and N respondents. We conjecture that type P customers are not engaging the more mentally taxing system 2 cognitive decision-making processes. In contrast, type N customers appear to fully engage the system 2 cognitive evaluation processes (i.e., their service experience primes them to carefully assess the trade-offs between different attributes in a compensatory fashion). Since 96% of our respondents are of type P -which we believe is typical for highly rated service providers-our conclusion is that much of the current customer satisfaction survey data are not useful for strategic decisions that require compensatory trade-off information. Thus, caution must be taken when making conclusions using data from type P respondents.
Limitations and Implications for Future Research
We acknowledge limitations of this research. For the healthcare domain, certain service experiences cannot be undone, which adds salience to negative evaluations. In particular, we expect that the functional form governing customer satisfaction could be different across application areas or different types of services.
A question for future research would be to examine demographic factors (e.g., education, gender, age, income) to determine whether they influence an individual's preference for one type of mental processing over another. We realize that activation of dual or multiple rules for service evaluation may not apply in a "one-size-fits-all" manner. Thus, one might speculate a greater proclivity toward the more deliberative approach of system 2 than the automatic approach of system 1 when high-ticket or high-risk items are being evaluated (as opposed to evaluations of low-ticket or low-risk items, which often are routinized decisions). In addition, the experiences of family members may also play a role: perhaps a family member's experiences create a prior expectation for the patient; this precedent might then be discarded as the patient has his or her own personal experiences with a healthcare provider. Limitations of our data preclude exploration of these issues, constituting a limitation of the current work that we hope future research can address. Situational factors (e.g., imposed deadlines, elapsed time between the service encounter and when the survey is given) may also exert an influence on the type of processing, independently or in combination with other factors. For example, these healthcare data involve a retrospective evaluation that may color patient responses. Determining how the evaluative mode was formed most likely requires factoring in the elapsed time between the service encounter and when the survey is taken. Such data were not available for this study. Longitudinal testing will ameliorate this issue by assessing the consumer's evaluative mode at multiple points in the service encounter and the decision-making process. This may permit more precise identification and estimation of different evaluative functional forms of customers. Because our proxy for an evaluative mode is imperfect, we suggest that future work should investigate better proxies for revealing the customer's evaluative mode.
The context of a service (e.g., healthcare, banking) may influence the observed phenomena. If the service encounter is highly personal or frequently repeated, the impact of the service attributes on the customer evaluative mode (type P or N ) might be different from that of interactions that are more generic or infrequent. In particular, the engagement of the customer could be linked to the domain, and engagement may vary in terms of what a customer has previously experienced. In addition, there may be interaction effects between consumer characteristics and the situation. This could include different value cocreation roles that customers perform in a service dominant encounter, affecting prevailing emotions and prejudices. Furthermore, self-relevance will probably differ with involvement in the service, and an individual with more frequent and diverse experiences with one type of service may be more able to evaluate his or her service experience.
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It would also be useful to know how and when during a service encounter different functional forms get triggered and whether this can be reversed if the service provider responds quickly enough after a service breakdown. More generally, are there ways managers can detect and influence a shift in mental processes indicative of a service breakdown? To help consider these questions, multiple methodologies may be useful, including field or laboratory experiments (which also can measure ongoing consumer decision processing). Cronin et al. (2000) showed that the customer perceptions of quality, value, and satisfaction are highly correlated yet independent concepts. They concluded that service quality not only affects consumer perceptions of value and satisfaction but also has a direct influence on behavioral intentions. Consistent with findings from Olsen (2002) and Szymanski and Henard (2001) , in this paper we assumed that the relationship between quality performance and satisfaction is high. Future work could attempt to disentangle the relationships between the evaluative mode, service quality, and satisfaction.
Finally, in this study, the consumers were evaluating a type of service where ratings are historically high (i.e., outpatient services). It remains to be seen if this holds for services that do not enjoy such high evaluation ratings.
Implications for Managers
Service organizations collect and analyze internal and external performance data to facilitate strategic and operational planning. In strategic planning, it is necessary to understand the value or quality of the organization's services relative to competitors in order to establish and/or maintain competitive advantage. In operational planning, management seeks to better allocate resources and improve processes based on analysis of the collected customer satisfaction data. Service organizations primarily derive their success from interactions that are perceived as useful to the customer. Therefore, managers of service organizations must focus on facilitating successful customer interactions, but they must carefully analyze all interactions so as to improve their services. This is crucial to attracting and retaining customers-the lifeblood of the service organization.
To make strategic decisions, service managers require information on customer trade-offs between perceived service attributes. Type N respondents, who tend to be more deliberative (and compensatory), thus provide greater insight for the purpose of redesigning services and improving organizational processes. It is these individuals that provide the most useful feedback for the purposes of understanding trade-offs between individual services features (and for identifying problem areas).
This does not entirely devalue the service evaluations of type P respondents. For the purpose of evaluating the effectiveness of different service delivery units (and for determining rewards), it remains reasonable to compare the percentage of type P versus type N responses across different delivery units.
In summary, when a satisfaction driver changes, the "Would you recommend [this physician] to a friend?" proxy may change. This may alter the customer's evaluative mode, which then changes the functional form used to evaluate overall satisfaction. Hence, the level of overall satisfaction may change. A practical implication is that the service provider should attempt to prevent customers from having a negative experience that would lead them to engage in a negative evaluative mode. Although this appears to be a statement of the obvious, firms may neglect elements in the service delivery process that they deem to be superficial but yet are contributors to the customer's formation of a negative impression. This means that there needs to be an active search of the service process to fix problems that would be triggers to entering a negative evaluative mode. Internal service processes should therefore be agile and reflective, allowing managers to learn from and correct service component weaknesses before the service is finalized.
Another practical implication for managers conducting service studies is to recognize that there may be a need to collect sufficient customer evaluations to have statistically valid samples of type N respondents. For example, in our data set, only 3.8% of the responses exhibited a type N evaluative mode (i.e., these respondents were not willing to recommend the physician to a friend and did not straight-line responses). For a small survey sample, this issue can have a detrimental effect on the manager's ability to draw specific remedial conclusions from the data beyond overall satisfaction. A challenge in practice is how to engage more respondents to use deliberative mental processes or how to achieve sample sizes where the respondents using deliberative processes are sufficiently large. Alternatively, the question of how a service manager ensures that survey participants are engaged looms large. Indeed, it might be useful for managers to ask more probing follow-up questions after learning that a respondent would not recommend his or her physician to a friend in order to get more informative data.
